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MizoPol’s keywords



Parsimony?

What is a parsimonious characterization
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Parsimonious characterization? (Illustrative example)
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Parsimonious characterization? (Illustrative example)

Normalized regression errors

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 4/48



Parsimonious characterization? (Illustrative example)

Normalized regression errors

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 4/48



Parsimonious characterization? (Illustrative example)

Number of non zero coefficients in the solution
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To summarize
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Advantages of Parsimony

Advantages of parsimonious characterizations
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Advantages of parsimony

✓ Robustness to unseen excursions

✓ Reduction in False Alarm rate

✓ Higher detection rate

✓ Data efficient processing

✓ Reliable induced digital-twins

✓ Reliable induced virtual sensors

✓ Explainability & default

localization (see later)

✓ Building Graph of coupling

between sensors (see later)
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Parsimony in Industrial Context

Parsimony in Industrial Context
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Physical laws governing equipments are parsimonious

9 parameters ≤ 84 parameters Centuries of evidences

These physical laws may not be necessarily fully known. Nevertheless,

they are undoubtedly parsimonious.
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Exhaustive covering of all possible excursions is impossible

The possible features excursions depend on:

✓ Set-points

✓ Trajectories

✓ Load dynamics

✓ Type of task

✓ . . .

It is rarely possible to include all possible excursion in the training

dataset. Sparsity-induced robustness is required for the characteri-

zation to hold over unseen excursions.
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Parsimony → Exlainability

Why Parsimony Enhances Explainability?
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Back to claimed advantages!
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Conventional explainability as a hard inverse problem
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Conventional explainability as a hard inverse problem

⋆ All coefficients are generically non zero

⋆ Some are high for specific configurations

⋆ They get compensated for in others

⋆ A posteriori difficult search for sparsity
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MizoPol sparsity-induced explainability

Structural (a priori) explainability
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MizoPol sparsity-induced explainability

Structural (a priori) explainability
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MizoPol sparsity-induced explainability: An example
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MizoPol sparsity-induced explainability: An example

Problem:

PS1, PS2 or EPS1?
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MizoPol sparsity-induced explainability: An example

No Problem in PS1, PS2

→ EPS1
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The Graph of sensors coupling

Scanning The Graph of Sensors Coupling
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MizoPol Building sensors graph

Two classes of relationships

s2 = P(s4, s5, s6, delayed instances)

Non recursive

∆s2 = P(s2, s4, s5, s6, delayed instances)

Recursive
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MizoPol Building sensors graph

Graph of sensors for the Nasa’s Turbo Fans Dataset

Two classes of relationships

s2 = P(s4, s5, s6, delayed instances)

Non recursive

∆s2 = P(s2, s4, s5, s6, delayed instances)

Recursive
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MizoPol in a glance



MizoPol in a glance Plars

Quick Overview of the

MizoPol components

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 19/48

Plars
Explicit polynomial

G2sys
St./dyn. ExPol / delays

PwPol
Implicit piece-wise pol

XpwPol
Explicit piece-wise pol.

Rlars
Rational/roots of pol.



MizoPol in a glance Plars

Plars
Explicit single

multivariate

polynomials.
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MizoPol in a glance G2sys

G2sys
Explicit single

multivariate

polynomials

representing

static or

dynamic

relationships

with delays.
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MizoPol in a glance PwPol

PwPol
Implicit

piece-wise

multivariate

polynomials

generating

residuals.
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MizoPol in a glance XpwPol

XpwPol
Explicit

piece-wise

multivariate

polynomials.
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MizoPol in a glance Rlars

Rlars
Label y is a

root of

x-dependent

multivariate-

polynomials

(Implicit)

Special Case:

Explicit

rational-

polynomial

expressions.

← particular frequent case
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Plars
Explicit polynomial

G2sys
St./dyn. ExPol / delays

PwPol
Implicit piece-wise pol

XpwPol
Explicit piece-wise pol.

Rlars
Rational/roots of pol.



For more technical details, examples, videos, . . .

https://mazenalamir.github.io/mizopol documentation/
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Case Studies



Advanced Age alarm of Nasa Turbo-Fans
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Advanced Age alarm of Nasa Turbo-Fans

Design an algorithm and

a threshold th such that:

1. ∆ is always > 0

2. ∆ is statistically

decently small
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Advanced Age alarm of Nasa Turbo-Fans

Four datasets for different contexts

Design an algorithm and

a threshold th such that:

1. ∆ is always > 0

2. ∆ is statistically

decently small
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Advanced Age alarm of Nasa Turbo-Fans

Statistics of the number of cycles to EOL

Design an algorithm and

a threshold th such that:

1. ∆ is always > 0

2. ∆ is statistically

decently small
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Advanced Age alarm of Nasa Turbo-Fans

Problem Statement

Design an algorithm and

a threshold th such that:

1. ∆ is always > 0

2. ∆ is statistically

decently small
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Advanced Age alarm of Nasa Turbo-Fans: Results

Learning on 10 engines Sparsity of the solution

Statistics of the number of cycles before EOL

(∆50%,∆80%|loss)

Config # 1 Bagging over 63 Plars explicit sparse models.
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Advanced Age alarm of Nasa Turbo-Fans: Results

Statistics of ∆ for th=0.95

M. Alamir. On designing soon-to-fail alarm system for industrial equip-

ments via sparse identification of ageing indicators: paradigm, algo-

rithms and case-studies https://cnrs.hal.science/hal-05518495. 2026

Sparsity of the solution

Statistics of the number of cycles before EOL

(∆50%,∆80%|loss)

Config # 1 Bagging over 63 Plars explicit sparse models.
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Anomaly Detection in Manipulator Robots
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Anomaly detector for manipulator robots

Data collection. A set of 200 experiments representing

random movements along the 4 axis → 2,241,664 samples
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Anomaly detector for manipulator robots: Results

Sparsity & cpu | parsimonious

Sparsity & cpu | DNN/GRU

Residuals comparison

Alamir, M., & Clavel, S. (2025). An algo-

rithm for sparse piece-wise polynomial residual

generation for anomalies detection in indus-

trial manipulator robots. Control Engineering

Practice, 165, 106545.

Anomaly detection

Pre-computed thresholds

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 31/48



Anomaly detector for manipulator robots: Results

Sparsity & cpu | parsimonious

Sparsity & cpu | DNN/GRU

Residuals comparison

Alamir, M., & Clavel, S. (2025). An algo-

rithm for sparse piece-wise polynomial residual

generation for anomalies detection in indus-

trial manipulator robots. Control Engineering

Practice, 165, 106545.

Anomaly detection

Pre-computed thresholds

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 31/48



Anomaly detector for manipulator robots: Results

Sparsity & cpu | parsimonious

Sparsity & cpu | DNN/GRU

Residuals comparison

Alamir, M., & Clavel, S. (2025). An algo-

rithm for sparse piece-wise polynomial residual

generation for anomalies detection in indus-

trial manipulator robots. Control Engineering

Practice, 165, 106545.

Anomaly detection

Pre-computed thresholds

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 31/48



Events Detection During Anaesthesia

Events Detection During Anaesthesia
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Events detection during anaesthesia
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Events detection during anaesthesia: Methodology

Five piece-wise

polynomial relationships

Each corresponds to a

particular choice of the

pair (y , x)
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Events detection during anaesthesia: Results

Sparsity

Detection
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Events detection during anaesthesia: Results

Sparsity

Detection Detection Rate — Averaging window of 2min
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Events detection during anaesthesia: Results

Sparsity

Detection Detection Rate — Averaging window of 1min
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Events detection during anaesthesia: Results

Sparsity

Detection Detection Rate — Averaging window of 30 sec
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Parsimonious piece-wise models in robotics

Parsimonious piece-wise polynomial models in Robotics
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Parsimonious piece-wise models in robotics Problem, dataset, models

Torquei ≈ ML(q, q̇, q̈︸ ︷︷ ︸
x∈R18

) i = 1, . . . , 6

Inverse kinematic problems

6-axis robot | 380 trajectories |

Average duration 51 sec |

250 Hz | 4,858,087 samples.

Working data

1/10 samples in the first 5% for training

→ 24,290 samples

→ 4,615,183 samples for test.

Splitting the data

Comparison to ̸= DNNs structures

MLP | CNN | Transformer

XpwPol

T̂ ≈ 1

nV

nV∑
ℓ=1

Pκ⋆(x)(x)
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Parsimonious piece-wise models in robotics Results

Alamir, M., & Clavel, S. Identifying Explicit Parsimonious Piece-wise

Polynomial Relationships in Industrial time-series: Application to ma-

nipulator robots.Control Engineering Practice (submitted, 2026). αc :=
∣∣∣∣∣ nMAE|test
nMAE|train

− 1
∣∣∣∣∣
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Sparsity & generalization to unseen contexts

Sparsity & generalization to unseen contexts
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Parsimonious piece-wise models in robotics Problem, dataset, models

Torquei ≈ ML(q, q̇, q̈︸ ︷︷ ︸
x∈R12

) i = 1, . . . , 4

Inverse kinematic problems

4-axis robot | 835 trajectories |

Context 1: Small excursions | (635)

Context 2: Large excursions | (200)

250 Hz | 3,246,892 samples (small=large)

Working data

Training 24,360 samples (context 1)

→ Test-small 1,599,596 (context 1)

→ Test-large 1,622,936 (context 2)

Splitting the data

Comparison to ̸= DNNs structures

Transformer (Best DNN!)

XpwPol

T̂ ≈ 1

nV

nV∑
ℓ=1

Pκ⋆(x)(x)

The two contexts (different excursions)
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Splitting the data

Comparison to ̸= DNNs structures

Transformer (Best DNN!)

XpwPol

T̂ ≈ 1

nV

nV∑
ℓ=1

Pκ⋆(x)(x)

Piece-wise polynomial models

Alamir, M., & Clavel, S. Identifying Explicit Parsimonious Piece-wise

Polynomial Relationships in Industrial time-series: Application to ma-

nipulator robots.Control Engineering Practice (submitted, 2026).
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Parsimonious piece-wise models in robotics Problem, dataset, models

Torquei ≈ ML(q, q̇, q̈︸ ︷︷ ︸
x∈R12

) i = 1, . . . , 4

Inverse kinematic problems

4-axis robot | 835 trajectories |

Context 1: Small excursions | (635)

Context 2: Large excursions | (200)

250 Hz | 3,246,892 samples (small=large)

Working data

Training 24,360 samples (context 1)

→ Test-small 1,599,596 (context 1)

→ Test-large 1,622,936 (context 2)

Splitting the data

Comparison to ̸= DNNs structures

Transformer (Best DNN!)

XpwPol

T̂ ≈ 1

nV

nV∑
ℓ=1

Pκ⋆(x)(x)

Results on test datasets for the two contexts
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Fault Detection | Multiple Contexts

Fault Detection under Multiple Unknown Contexts
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Problem Statement: A (benchmark) set of problems Anomaly detection-Multiple contexts

Problem with: features (nx = 2) | 4 contexts

Random generation: regions & polynomials Pi .

Fault: detune the coefficients

• in a single context

• in a short interval of the 1/2 half of dataset

30 random instances | Raw/Normalized.

https://doi.org/10.34740/kaggle/dsv/13462796
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Methodology Anomaly detection-Multiple contexts

✓ Train a model on the first half a

✓ Test on the remaining half b

Residual for a given hyper-parameter

eth(x, y) :=
nr (th)

min
κ=1

∣∣∣y − P(th)
κ (x)

∣∣∣
Voting over several settingsc

e(x, y) :=
1

card(Th)

∑
th∈Th

eth(x, y)

Average prediction over a window

ē(k) :=
1

nw

 t=k∑
t=k−nw+1

e(t)


aFault-free
bIncludes a faulty interval on a single context.
cTh := {0.15, 0.2, 0.25, 0.3}

Alarm threshold definition

ēk ≥ percentile(ē|train, 99)

Performance metrics

(False Alarm, Detection Rate)
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Results Anomaly detection-Multiple contexts

Results after aggregation (Bagging)

✓ Detection rate ≈ perfect except for experiment # 15

✓ Failure only on the normalized version of exp. # 15

✓ Bagging is quite effective.

Results of the different voters

th ∈ {0.15, 0.2, 0.25, 0.3}

Alamir, M. A benchmark for context-dependent parametric

anomaly detection in industrial time series.

https://cnrs.hal.science/hal-05533907.

Mazen Alamir MizoPol - Tools for parsimonious characterization of industrial time-series Outline 44/48

https://cnrs.hal.science/hal-05533907


For more technical details, examples, videos, . . .

https://mazenalamir.github.io/mizopol documentation/
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For more technical details, examples, videos, . . .
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